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Abstract. High dimensional, heterogeneous datasets are challenging for
domain experts to analyze. A very large number of dimensions often pose
problems when visual and computational analysis tools are considered.
Analysts tend to limit their attention to subsets of the data and lose
potential insight in relation to the rest of the data. Generating new hy-
potheses is becoming problematic due to these limitations. In this paper,
we discuss how interactive analysis methods can help analysts to cope
with these challenges and aid them in building new hypotheses. Here, we
report on the details of an analysis of data recorded in a comprehensive
study of cognitive aging. We performed the analysis as a team of visual-
ization researchers and domain experts. We discuss a number of lessons
learned related to the usefulness of interactive methods in generating
hypotheses.
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1 Introduction
As in many other domains, experts in medical research are striving to make sense
out of data which is collected and computed through several different sources.
Along with new imaging methodologies and computational analysis tools, there
is a boom in the amount of information that can be produced per sample (usu-
ally an individual in the case of medical research). This increasingly often leads
to heterogeneous datasets with very large number of dimensions (variables), up
to hundreds or even thousands. This already is a challenging situation since most
of the common analysis methods, such as regression analysis or support vector
machines [1], for example, do not scale well to such a high dimensionality. Con-
sider for instance applying factor analysis to understand the dominant variations
within a 500-dimensional dataset. It is a great challenge to correctly interpret
the resulting factors even for the most skilled analyst.
On top of this challenge, the number of samples is usually very low in medical
research due to a number of factors such as the availability of participants in
a study or high operational costs. This results in datasets with small number
of observations (small n) but a very high number of variables (large p). Since
most of the statistical methods need sufficiently large number of observations
to provide reliable estimates, such “long” data matrices lead to problematic
computations [2]. Both the high dimensionality of the datasets and the “p≫ n
problem”, pose big challenges for the analyst and the computational tools. These
challenges lead to the fact that the experts tend to limit their analyses to a subset
of the data based on a priori information, e.g., already published related work.
Limiting the analysis to a subset of the data dimensions hides relations in the
data that can potentially lead to new, unexpected hypotheses.
At this stage, the field of visual analytics can offer solutions to analysts to
overcome these limitations [3] [4]. The visual analysis methods enable analysts
to quickly build new hypotheses through interaction with the data. The user also
gets immediate feedback on whether or not these hypotheses call for a further
investigation. Moreover, the interactive tools enable analysts to check for known
hypotheses and relationships that have been already studied and reported in the
related literature.
In this application paper, we discuss how interactive visual analysis meth-
ods facilitate the hypothesis generation process in the context of heterogeneous
medical data. We discuss how we utilize the dual analysis of items and dimen-
sions [5] in the interactive visual analysis of high dimensional data. We report
on the analysis of data related to a longitudinal study of cognitive aging [6] [7].
We demonstrate how our explorative methods lead to findings that are used in
the formulation of new research hypotheses in the related study. We additionally
showcase observations that are in line with earlier studies in the literature. We
then comment on a number of lessons learned as a result of the analysis sessions
that we performed as a team of visualization researchers and domain experts.
2 Interactive Visual Analysis Environment
The analysis of the cognitive aging study data is performed through a coordi-
nated multiple view system [8], that primarily makes use of scatterplots. The
user is able to make selections in any of the views and combine these selections
through Boolean operators, i.e., ∪,∩,¬. In order to indicate the selections and
achieve the focus+context mechanism, we employ a coloring strategy, i.e, the
selected points are in a reddish color and the rest is visualized in gray with a low
transparency (see Fig. 1-b) to aid the visual prominence of the selection. One
additional note here is that we use a density based coloring such that overlapping
points lead to a more saturated red color. We use Principal Component Analysis
(PCA) – on demand – to reduce the dimensionality of the data when needed.
Additionally, we use Multidimensional Scaling (MDS) directly on the dimensions
similar to the VAR display by Yang et al. [9]. In this visualization approach, the
authors represent a single dimension by a glyph that demonstrates the distribu-
tion of the items in the dimension. Later authors apply MDS on the dimensions





















Fig. 1. Dual analysis framework where visualizations of items have a blue and those of
dimensions a yellow background. a) We employ a visualization of the dimensions over
their skewness and kurtosis values, where each dot represents a single dimension b)
We select a group of participants who are older and have a lower education. c) The
deviation plot shows how the µ and σ values change when the selection in (b) is made.
between the dimensions as a distance metric to MDS and as a result, it places the
highly inter-correlated groups close to each other. These computational analysis
tools are available through the integration of the statistical computation package
R [10].
The analysis approach employed in this paper is based on the dual analysis
method by Turkay et al. [5]. In this model, the visualization of data items is ac-
companied by visualizations of dimensions. In order to construct visualizations
where dimensions are represented by visual entities, a number of statistics, such
as mean (µ), standard deviation (σ), median, inter-quartile-range (IQR), skew-
ness, and, kurtosis are computed for each dimension (i.e., column of the data).
These computed statistics are then used as the axes of a visualization of dimen-
sions. In Fig. 1-a, the dimensions are visualized with respect to their skewness
and kurtosis, where each dot here represents a dimension.
An additional mechanism we employ is the deviation plot, which enables us
to see the changes in the statistical computations for dimensions in response to
a subset selection of items [11]. In Fig. 1-b, we select a sub-group of participants
(from the study data) who are older and have a lower education. We now compute
the µ and σ values for each dimension twice, once with using all the items
(participants) and once with using only the selected subset. We then show the
difference between the two sets of computations in a deviation plot (Fig. 1-c).
The dashed circle shows the dimensions that have larger values for the selected
subset of items, i.e., for the elderly with lower education. Such a visualization
shows the relation between the selection and the dimensions in the data and
provides a quick mechanism to check for correlations. Throughout the paper,
the views that show items have blue background and those that visualize the
dimensions have a yellow background. Further details on the methods could be
found in the related references [5] [11].
3 Cognitive Aging Study Data
We analyze the data from a longitudinal study of cognitive aging where the par-
ticipants were chosen among healthy individuals [6] [7]. All the participants were
subject to a neuropsychological examination and to multimodal imaging. One of
the expected outcomes of the study is to understand the relations between image-
derived features of the brain and cognitive functions in healthy aging [7]. The
study involves 3D anatomical magnetic resonance imaging (MRI) of the brain,
followed by diffusion tensor imaging (DTI) and resting state functional MRI in
the same imaging session [12] [13]. In this paper, we focus on the anatomical MRI
recordings together with the results from the neuropsychological examination.
The examination included tests related to intellectual function (IQ), memory
function, and attention/executive function. IQ was estimated from two sub tests
from the Wechsler Abbreviated Scale of Intelligence [14]. The total learning score
across the five learning trials of list A (learning), the free short and long delayed
recall and the total hits on the Recognition scores from the California Verbal
Learning Test (CVLT) II [15] were together with the subtest Coding from Wech-
sler Adult Intelligence Scale-III [16] used to assess memory function. The Color
Word Interference Test from the Delis-Kaplan Executive Function System [17]
and the Trail Making Test A and B from the Halstead-Reitan Test Battery [18]
were used to assess attention/executive function.
The resulting dataset from the study contains information on 82 healthy indi-
viduals who took part in the first wave of the study in 2004/2005. T1-weighted
MRI images were segmented into 45 anatomical regions. For each segmented
brain region, seven features were derived automatically, namely: number of vox-
els, volume and mean, standard deviation, minimum, maximum and range of the
intensity values in the regions. All these automated computations were done in
the FreeSurfer software suite [19]. This automated process creates 45× 7 = 315
dimensions per individual. Additional information on the participants, such as
age and sex, and, the results of two neuropsychological tests are added to the
data. With this addition, the resulting dataset has 373 dimensions, i.e., the re-
sulting table’s size is 82 × 373. Moreover, meta-data on the dimensions is also
incorporated. This meta-data contains whether each dimension is a test score or
a brain segment statistic, which brain regions that dimension is related to, and,
which statistical feature (e.g., volume or mean intensity) is encoded.
4 Analysis of Cognitive Aging Study Data
In this study, our analysis goal is to determine the relations between age, sex,
neuropsychological test scores, and the statistics for the segmented brain regions.
The conventional routine to analyze this dataset is to physically limit the analysis
to a subset of the dimensions and perform time-consuming, advanced statistical
analysis computations on this subset, e.g., loading only the data on specific
brain regions and training a neural network with this data. In this setting, if
the same analysis needs to be applied on a slightly different subset (which is
often the case), all the operations need to be redone from the beginning – a
considerably long time to build/evaluate a single hypothesis. On the contrary,
in our interactive methods, the whole data is available throughout the analysis
and analysts switch the current focus quickly through interactive brushes.
In order to direct the analysis, we treat age, sex, and the test scores as
the dependent variables and try to investigate how they relate to the imag-
ing based variables. Moreover, we investigate the relations within the brain
segments. In each sub-analysis, we derive a number of observations purely ex-
ploratively. We then discuss these findings as an interdisciplinary team of vi-
sualization researchers, experts in neuroinformatics and neuropsychology. We
comment on the observations using a priori information and suggest explana-
tions/hypotheses around these new findings. These hypotheses, however, needs
to be confirmed/rejected through more robust statistical and/or clinical tests to
be considered for further studies. Our aim here is to enable analysts to generate
new hypotheses that could potentially lead to significant findings when careful
studies are carried out.
Prior to our analysis we handle the missing values and perform normaliza-
tion on the data. To treat missing values, we apply one of the methods known as
statistical imputation and replace the missing values with the mean (or mode) of
each column [20]. We continue with a normalization step where different normal-
ization schemes are employed for different data types. Here, dimensions related
to the imaging of the brain are z-standardized and the rest of the columns are
scaled to the unit interval.
Inter-relations in Test Results. We start our analysis by looking at the rela-
tions between the test scores. We first focus our attention on the results related
to IQ & Memory function and attention/executive functions related tests and
apply a correlation-based-MDS on the 15 dimensions. The rest of the dimensions
are not used in the computation and are placed in the middle of the view and
colored in gray in Fig. 2-a. Here, we choose to focus on the two large groups,
that are to the left and to the right of the view. For a micro analysis, one can
focus on the sub-groupings that are visible in both of the clusters. The first
group relates to test results assessing IQ and memory function (Group-1). The
second group relates to test scores assessing attention and executive function
(Group-2). This grouping is in line with the interpretation of these scores and
we investigate these two sub-groups separately in the rest of the analysis. We
interactively select these sub-groups and locally apply PCA on them. We then
use the resulting principal components (PC) to represent these two groups of
test scores. We observed that for both of the groups much of the variance is
captured by a single PC, so we decide to use only the first PC for each group.
Hypothesis 1: There are two dominant factors within the test results, IQ &
memory and attention & executive function.
Findings Based on Sex. As a continuation of our analysis, we now focus











































Fig. 2. a) MDS is applied on the test score dimensions, where related dimensions are
placed close to each other. Two groups for the test scores (Group-1: IQ and memory re-
lated, Group-2: attention) show up in the results. b) Each group is represented through
an application of PCA and the resulting first principal components are mapped to the
axes of the scatterplot. A group of participants, who are better in learning and at-
tentive function is selected. c) Some brain regions are smaller for this subgroup, i.e.,
have smaller median value. d) We select one of the dimensions that shrink the most,
right lateral ventricle volume (red circle), and visualize these values against the learn-
ing scores from CVLT. We notice that there is indeed a negative correlation with the
learning score from the CVLT.
relations. We begin by a visualization of age vs. sex and select the male par-
ticipants (Fig. 3-a) with a brush and observe how the test scores change in the
linked deviation view (Fig. 3-b). The visualization shows that the male partici-
pants performed worse in IQ & memory function related tasks. In tests related
to attention and executive function, however, there were no significant changes
between sexes. This is a known finding that has been already observed through-
out the study. Another observation that is also confirmed by prior information is
the differences in brain volumes between sexes. An immediate reading in Fig. 3-




























Attention & Executive 
Func. Tasks
Fig. 3. Male participants are selected (a) and the deviation plot shows that for IQ
& memory related tasks, males generally perform worse. However, for attentive and
executive function related tests, there is no visible difference (b). When the changes in
volume for the brain segments are observed, it is clearly seen that males have larger
brains (c). When the volume of one of the segments, thalamus, is visualized with a
linear regression line, the sex based difference is found to be significant.
which is a known fact. We analyze further by selecting one of the regions that
changed the most, Thalamus volume, and look at its relation with sex (Fig. 3-d).
We see that there is a significant change, however, this apparent sex difference in
thalamic volume has shown to be negligible when the intracranial volume (ICV)
difference between sexes are taken into account [21]. This finding could probably
be further explored by normalizing segmented brain volumes with the subject’s
ICV (if this measure is available).
Hypothesis 2: Males perform worse in IQ & memory related tests but not in
those related to attention & executive function.
Findings Based on Age. We continue our investigation by limiting our inter-









































Fig. 4. Elderly patients (> 60 years old) are selected (a). No significant relation is
observed in the test scores (b). When we focus on the volumes of the segments, we
see most of the regions are shrinking with age, but some, especially the ventricles, are
enlarging (c). Apart from the expected enlargement of the ventricles, the right caudate
is also found to enlarge with age (d).
test results. We select the patients over the age of 60 (Fig. 4-a) and visualize how
brain volumes and test scores change. We observed no significant difference in IQ
& memory and attentive functions for the elderly patients (Fig. 4-b). However,
when we observe the change in brain volumes, we observe that there is an overall
shrinkage in most of the brain segments with age. This is clearly seen in Fig. 4-c,
where most of the dimensions have smaller median values (i.e., to the left of
the center line). Although most of the brain regions are known to shrink with
age [22], some regions are reported to enlarge with age. When the dimensions
that have a larger median value due to the selection (i.e., enlargement due to
aging) are observed, they are found to be the ventricles (not the 4th ventricle)
and the CSF space. Since this is a known fact [22], we focused on the regions that
shows smaller enlargements and decide to look at the right caudate more closely.
When the right caudate is visualized against age, a significant correlation is ob-
served (Fig. 4-d). This is an unexpected finding that needs to be investigated
further.
Hypothesis 3: There is no significant relation between age and performance
in IQ & memory and attentive & executive functions for individuals undergoing
a healthy aging. Moreover, in contrast to the most of the brain regions, there is
a significant enlargement in the right caudate in healthy aging individuals.
IQ & Memory Function vs. Brain Segment Volumes. We oppose the
first principal components for the two groups of test scores (Fig. 2-a) and select
the participants that show better IQ & memory function performance (Fig. 2-
b). A linked deviation plot shows the change in median and IQR values where
we observe the change in the imaging related variables (Fig. 2-c). We limit our
interest to the variables that are the volumes of the brain segments by selecting
the volume category through a histogram that displays the related meta-data
(not shown in the image). In the deviation plot, we see a sub-group of segments
(dashed circle) that have lower volumes for the selected participants (i.e., those
that showed better performance). Among those segments are the lateral ventri-
cles that show a significant change. Lateral ventricles are filled with cerebrospinal
fluid and have no known function in learning and IQ. We use the integrated lin-
ear regression computation on a scatterplot showing learning vs. right lateral
ventricle volume and observe that there is in fact a negative correlation. This
could be explained such that, when the ventricles have larger sizes, it indicates
less gray matter volume in the brain parenchyma responsible in cognitive func-
tion, and is thus associated with reduced performance in IQ & memory function.
However, although ventricles tend to grow with age, we observed no significant
relation between aging and the performance (See Hypothesis 3). These are now
two related observations that leads to an interesting hypothesis.
Hypothesis 4: Regardless of age, the larger sizes of the ventricles are associated
with low performance. However, the (expected) enlargement of the ventricles
with aging does not directly influence the overall performance.
Relations within Brain Segments. We continue by delimiting the feature
set for the brain regions to their volume and apply MDS on the 45 dimensions
(one for each segment) using the correlation between the dimensions as the dis-
tance metric. We identify a group of dimensions that are highly correlated in
the MDS plot (Fig. 5-a). This group consists of the volumes for different ven-
tricles (lateral, inferior) and non-white matter hypointensities. We investigate
this finding closely by looking at the relations between left lateral ventricle and
non-WM-hypointensities and found a positive correlation relation (Fig. 5-b) due
to a sub-group of patients that have outlying values. This is an interesting find-
ing since non-white matter hypointensities (as segmented by FreeSurfer) might
represent local lesions in gray matter such as vascular abnormalities that have
a predilection for involving the thalamus and the basal ganglia. Such vascular
abnormalities in deeper brain structure could then lead to substance loss and en-




























Fig. 5. After MDS is applied on the volume dimensions for brain segments, a correlated
group of brain segments is observed (a). Although most of these dimensions are related
to the volume of different parts of the ventricles (which is expected), non white matter
hypointensities (scars on the white matter) is also related. This is an interesting finding
which led to an hypothesis on the relation between the enlargement of the scars on the
white matter and the ventricles.
process would be increasingly frequent with age, but such relationship between
age and non-white matter hypointensities was observed to be insignificant in our
analysis.
Hypothesis 5: There is a positive relation between lesions on brain tissue and
the volume of the ventricles. However, no significant relation with such lesions
and age has been detected, this is likely due to the fact that the study involves
only participants going through healthy aging.
5 Discussions, Lessons Learned & Conclusions
In a typical analysis of this data, domain experts usually utilize complex machine
learning methods, such as neural networks [1], to analyze the data and confirm
hypotheses. With such methods however, the process is not transparent and the
results can be hard to interpret.
Explorative methods, such as this one presented here, offers new opportuni-
ties in building hypotheses. However, the hypotheses built in such systems may
suffer from over-fitting to the data, i.e., the finding could be a great fit for a
specific selection but harder to generalize [23]. In order to provide feedback on
this problem of over-fitting, interactive systems could include cross-validation
(or bootstrapping) functionalities to report on the sensibility of the results [24].
In these methods, the hypotheses are tested for several subsets of the data to
check the validity of the findings [24]. Another important feature that needs to be
present in such interactive systems is the immediate use of more rob
statistical verification methods. In our current framework, we employ linear re-
gression to check for the statistical significance of certain relations (see Fig. 4-d).
Such functionalities, and even more advanced inferential statistics, are feasible
to incorporate through the embedding of R. Such extensions are desirable for
domain experts and can increase the reliability of the results considerably in
interactive frameworks.
In this work, we only employed scatterplots and the deviation plot. One
can easily extend the selection of visualizations using more advanced methods
discussed in the literature. The changes can be encoded by flow-based scatter-
plots [25] and the comparison of groups can be enhanced by using clustered
parallel coordinates [26].
In a significantly short analysis session, we were able to build 5 hypotheses
from the healthy aging data. Building this many potential hypotheses using
the conventional analysis process would require a considerable amount of time.
Throughout the analysis, we discovered relations that lead to novel hypotheses
for the healthy aging domain. In addition, we came up with a number of findings
that have been already confirmed in the related literature.
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